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Purpose: The paper proposes a decision support system for selecting logistics providers based on the
quality function deployment (QFD) and the technique for order preference by the similarity to ideal solu- 
tion (TOPSIS) for agricultural supply chain in France. The research provides a platform for group decision
making to facilitate decision process and check the consistency of the outcomes.
Methodology: The proposed model looks at the decision problem from two points of view consider- 
ing both technical and customer perspectives. The main customer criteria are confidence in a safe and
durable product, emission of pollutants and hazardous materials, social responsibility, etc. The main tech- 
nical factors are financial stability, quality, delivery condition, services, etc. based on the literature review.
The second stage in the adopted methodology is the combination of quality function deployment and the
technique for order preference by similarity to ideal solution to effectively analyze the decision prob- 
lem. In final section we structure a group decision system called GRoUp System (GRUS) which has been
developed by Institut de Recherche en Informatique de Toulouse (IRIT) in the Toulouse University.
Results: This paper designs a group decision making system to interface decision makers and customer
values in order to aid agricultural partners and investors in the selection of third party logistic providers.
Moreover, we have figured out a decision support system under fuzzy linguistic variables is able to assist
agricultural parties in uncertain situations. This integrated and efficient decision support system enhances
quality and reliability of the decision making.
Novelty/Originality: The novelty of this paper is reflected by several items. The integration of group multi- 
criteria decision tools enables decision makers to obtain a comprehensive understanding of customer
needs and technical requirements of the logistic process. In addition, this investigation is carried out un- 
der a European commission project called Risk and Uncertain Conditions for Agriculture Production Systems
(RUC-APS) which models risk reduction and elimination from the agricultural supply chain. Ultimately,
we have implemented the decision support tool to select the best logistic provider among France logis- 
tics and transportation companies.
1. Introduction
Knowledge-based decision models are getting significant atten- 
tion in academia and industry. A vast amount of original research
and thesis projects have been carried out in order to make robust
decision support systems (DSS) to facilitate managerial decisions.
Decision Support Systems are categorized as a specific class of
computerized information system that supports management de- 
cision making activities. By the early 1970 s, the concept of de-
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cision support systems had been conceived through the work of
Scott Morton. The approach tries to analyze strategic decisions to
offer support to decision makers (DMs) in a complex and poorly
structured situation. DSSs have some advantages in decision mak- 
ing process through assisting decision makers in their tasks and
improving quality of decision process ( Zarate, 2013 ). The concept
of DSS comes from a balance between human judgment and in- 
formation process by a computer. There are three fundamental
components of DSSs. Firstly; there is database management sys- 
tem (DBMS) which serves as a data bank for the DSS. The second
component is Model-based management system (MBMS). The role
of MBMS is analogous to that of a DBMS and, finally the method
of dialog generation and management system (DGMS) ( Erfani,
(M. Yazdani), pascale.zarate@irit.fr (P. Zarate), adama.coulibaly@irit.fr (A. Coulibaly), 
edmundas.zavadskas@vgtu.lt (E.K. Zavadskas). 
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Afrougheh, Ardakani, & Sadeghi, 2015; Power, Sharda & Burstein,
2015; Khademolqorani & Hamadani, 2013; Marakas, 2003 ).
The selection of logistics providers (LPs) is an emergence of to- 
day’s competitive market. With the development and advancement
of the supply chain theories, the selection of logistic providers
for the function of logistics support becomes considerable. Over
the last decades, the direction of decision support systems has
changed drastically. Computer and industrial professionals made
effort s to systematize decision making process in manufacturing
and production sectors ( Guo, Ngai, Yang, & Liang, 2015 ). For exam- 
ple, Zha, Sriram, Fernandez, and Mistree (2008) modeled a com- 
promise decision support problem technique and the fuzzy syn- 
thetic decision model (FSD) to quantitatively incorporate qualita- 
tive design knowledge and preferences of designers for multiple,
conflicting attributes. They argue that the model is generic and
flexible enough to be used in a variety of decision problems. Appli- 
cation of a decision support system in supply chains by employing
multi-criteria decision-making is a constant challenge ( Kristianto,
Gunasekaran, Helo, & Sandhu, 2012; Scott, Ho, Dey & Talluri, 2015;
Shi, Yan, Shi, & Ke, 2015 ). Integrated models are highly appreci- 
ated because each method has a unique function. However, choos- 
ing the most accurate approach is often a dilemma and intriguing
practical question faced by supply chain managers. An unsuitable
integrated model can cause terrible results and failure of the sys- 
tem.
To adopt a reliable and practical decision making model, we
propose the integration of quality function deployment (QFD) and
technique for order preference by similarity to ideal solution (TOP- 
SIS) with aid of fuzzy linguistic variables made by group of deci- 
sion makers. From the technical and practical viewpoint, the pro- 
posed model has some advantages when it approaches a group de- 
cision system with such combination. In MCDM modeling, it is rec- 
ommended to weight decision factors (attributes) using combined
structures ( Tavana, Yazdani, & Di Caprio, 2017 ). In many decision
making problems, the reliability of the decision criteria is strictly
dependent on the stakeholders and customers’ preferences as ex- 
ternal weights. It is tough for customers to deliver judgments via
solid and numerical values. Fuzzy linguistic variables allow us to
assure the quality of judgment and then fuzzy MCDM conducts
optimal procedure to final objectives. An efficient and flexible de- 
cision tool which is able to find optimal weights of customer at- 
titudes is the QFD model. It assures a convenient and compatible
decision making process.
The paper is arranged as follows: after this introduction, the lit- 
erature review on supply chain is presented. Then application of
decision models in agriculture projects is reported in Section 3 .
The proposed multiple criteria decision methods will be described
as Section 4 . Then decision frames and a case study for logistic
provider selection are addressed in Section 5 . Section 6 represents
the results and sensitivity analysis tests. Section 7 will interpret
the GRUS system implementation and conclusion is reported in
Section 8 .
2. Literature review and related works
2.1. Supply chain and logistics management via DSSs 
A supply chain is defined as a process with a complete set of
activities wherein raw materials are transformed into final prod- 
ucts, then delivered to customers by distribution, logistics, and re- 
tail. All inter-organizational practices as planning, purchasing, dis- 
tribution, delivery process, and reverse logistics are taken into ac- 
count as a supply chain management system ( Brandenburg, Govin- 
dan, Sarkis, & Seuring, 2014; Fahimnia, Sarkis, & Davarzani, 2015;
Yazdani, Hashemkhani Zolfani, & Zavadskas, 2016 ). In addition, out- 
sourcing phenomena emerged in the supply chain to optimally
manage all those practices and in this way, the physical and infor- 
mation flow exchanged among all players in a supply chain ( Konig
& Spinler, 2016 ).
Development of the new theories and methodologies in logis- 
tics and supply chain management can lead to the higher level
intelligent and advanced systems. Such kind of systems enable
supply chain experts to facilitate information-sharing, high qual- 
ified decisions and to increase the value to products and ser- 
vices by internal coordination ( Chandra & Kumar, 20 0 0 ). Supply
chain management has tied up with the application of information
technology (IT) which brings competitive advantages of knowl- 
edge sharing with customers and stakeholders to improve coordi- 
nation and communication among suppliers and partners for com- 
panies ( Ngai, Peng, Alexander, & Moon, 2014 ). The selection of lo- 
gistic providers for the function of logistics support becomes con- 
siderable. Over the last decades, the direction of decision sup- 
port systems has changed drastically. To monitor the materials
cost in a garment manufacturer, a decision support model has as- 
sisted decision-makers in selecting efficient ways to reduce to- 
tal manufacturing costs ( Wong & Leung, 2008 ). Couple of review
projects has been conducted in terms of intelligent models, de- 
cision support tools and system in supply chain field ( Seuring,
2013; Taticchi, Tonelli & Pasqualino 2013 ). Seuring (2013) argued
that the performance of sustainability and supply-chain manage- 
ment must be researched practically by a strategic decision-making
support model. Liu, Wang and Liu (2012) structured a sustainabil- 
ity analysis framework with the integration of life cycle assess- 
ment and a multi-criteria decision-making process to support en- 
vironmental, social and the economic aspects of the supply chain
management. Bhattacharya, Mohapatra, Kumar, Dey, Brady and Ti- 
wari (2014) demonstrated a green supply chain performance mea- 
surement perspective and made an effort to deliver a collabora- 
tive decision-making model using fuzzy analytical network pro- 
cess. Accorsi, Manzini, and Maranesi (2014) developed an origi- 
nal decision-support system for the design, management, and con- 
trol of warehousing systems with solid DBMS architecture. Guo
et al. (2015) proposed radio frequency identification -based in- 
telligent decision support system to handle production monitor- 
ing and scheduling in a distributed manufacturing environment.
A decision model for supplier selection and in stochastic, multi- 
stakeholder and multi-criteria environments has been build, but
the research did not offer any real DSS ( Scott et al., 2015 ). A recent
decision support tool for purchasing management investigated that
the capital-constrained retailer’s purchase timing, quantity and fi- 
nancing decisions are necessary for seasonal products ( Shi, Guo, &
Fung, 2017 ).
3rd party logistic providers (3PLP) are recognized as compa- 
nies or enterprises that perform the various logistics activities of
a customer either completely or only in part by transportation,
such as ocean or shipping freight, air cargo, truck freight or stor- 
ing in warehouse facilities. The logistic provider has been widely
promoted by the concept of outsourcing. Logistics outsourcing is
mainly concerned with cost reduction and improvement ( Rajesh,
Pugazhendhi, Ganesh, Ducq, & Koh, 2012 ). Aguezzoul (2014) clas- 
sified logistic process to transportation, distribution, warehous- 
ing, inventory management, packaging, and reverse logistics. All of
those categories can be outsourced by a logistic provider.
Supply chain success highly depends on the commitment of
sub-systems performances. A complete supply chain happens when
the sub system functions work accurately and try to eliminate
diagnoses from design, production and distribution to the logis- 
tics and transportation ( Govindan, Palaniappan, Zhu, & Kannan,
2012 ). In assessing the performance of an Agri-food supply chain,
a performance measurement system can be established to enable
a firm to monitor the relevant performance indicators of logistics
processes in an appropriate time horizon ( Bosona & Gebresenbet,
2013 ). Partners in the supply chain are confronted with conflicting
goals making the performance evaluation more complex. Therefore,
when the supply chain is faced with outsourcing parts of logistic
functions, evaluating, selecting and contracting a third party logis- 
tics provider would be a crucial problem ( Aguezzoul, 2014; Diabat,
Khreishah, Kannan, Panikar, & Gunasekaran, 2013 ).
In the 60 s, academics began to work on quantitative models
to computerize decision making and assist policy makers and in- 
vestors ( Holt & Huber, 1969; Turban, E., & Watkins, 1986 ). Par- 
ticular projects were directed on logistic provider evaluation us- 
ing decision making models and tools. Multi-criteria decision mak- 
ing has aided academics and industrial practitioners in their deci- 
sions in such fields from economy and management to engineering
and manufacturing ( Carvalho, Varela, Putnik, Hernández, & Ribeiro,
2014 ). Zavadskas, Turskis, Vilutien ˙e, and Lepkova (2017) verified
the role of analytical MCDM tools including ARAS, TOPSIS to
the problem of facility management strategy selection. Gupta and
Walton (2016) explored the applicability of interpretive structural
modeling (ISM) in the selection of third party logistic providers by
twelve main criteria (cost, reputation, quality, locations, collabo- 
ration and range of services etc.). Dweiri, Kumar, Khan, and Jain
(2016) designed an AHP model to assist the automotive industry
in the supplier selection problem. The authors used expert choice
software and solved the decision problem. It must be stated that
even expert choice is a formerly developed software package rely- 
ing on AHP and has some shortages that other methods (TOPSIS,
VIKOR, etc) cannot be implemented on it. Several studies have ac- 
complished integrated decision structures for logistic providers as
well. Hashemian, Behzadian, Samizadeh, and Ignatius (2014) intro- 
duced a fuzzy AHP and PROMETHEE decision system to increase
the quality of the supplier evaluation system. They did not pro- 
pose an applied decision support tool and the model will failure
when large amount to data must be analyzed. Akman and Bay- 
nal (2014) worked on an integrated model of AHP and TOPSIS
in fuzzy environments. Yayla, Oztekin, Gumus, and Gunasekaran
(2015) combined fuzzy AHP and TOPSIS to achieve an optimal list
of third party transportation providers. AHP can be an appropri- 
ate choice, but despite its capability, it is unable to connect cus- 
tomer values to the decision making process. In other side, while
the study needs to satisfy customers and stakeholders demand to
reach a sustainable supply chain, utilization of AHP seems useless.
Therefore, we use QFD due to its ability to conduct interrelation- 
ship among decision factors and customer factors. In another way,
to refuse AHP pairwise comparison, computations and complexity,
QFD brings the more reliable approach that can be combined to
MCDM methods quicker and with less difficulty ( Ignatius, Rahman,
Yazdani, Šaparauskas, & Haron, 2016 ). Piltan and Sowlati (2016) de- 
veloped a model to support decision with aim of evaluating part- 
nership performance in British Colombia, Canada. Their study cor- 
relates to a model to support decision and surprisingly is too far
from a decision support system structure and definition. In total, it
has been observed that several papers have focused on just an in- 
dividual or an integrated decision making model and not even an
efficient decision support system.
2.2. Collaborative decision making 
By 1967, Morton built, implemented, and realized a model- 
driven DSS which was a great achievement in DSS literature. Gorry
and Morton (1971) defined the term “decision support system” as
systems that assist decision makers in semi-structured and un- 
structured decision problems. Later, Alter and Alter (1980) sug- 
gested a thinking framework for both management and business
DSSs. They suggest six categories: (a) file drawer systems, (b) data
analysis systems, (c) accounting and financial systems, (d) repre- 
sentational systems, (e) optimization systems, and (f) suggestion
systems. In 1982, Sprague and Carlson (1982) defined DSSs as a
class of information system that draws on transaction processing
systems and interacts with the other parts of the overall informa- 
tion system to support the decision making activities of managers
and other knowledge workers in organizations. Ic and Yurdakul
(2009) distinguished these items; robustness, ease of control, sim- 
plicity, and completeness of relevant detail for evaluation of DSSs.
Bonczek, Holsapple, and Whinston (2014) introduced a framework
to understand four major design aspects that affect all DSSs: (a)
language system, (b) presentation system, (c) knowledge system,
(d) problem processing system.
There are five specific Decision Support System types which
has been proposed by Power (2015); 1) communications-driven,
2) data-driven, 3) document-driven, 4) knowledge-driven, and 5)
model-driven systems. Communications technologies are centered
in communications-driven DSS for supporting decision-making
( Kou, Shi, & Wang, 2011 ). Data-driven DSS provides access to large
data stores and analytics to create information. Document-driven
DSS uses documents to provide information for decision making.
Knowledge-driven DSS are connected to expert systems or rec- 
ommender systems. A knowledge-driven DSS emphasizes solving
a decision making problem using facts, cased-based reasoning,
rules, procedures, and similar structures ( Zarate & Dargam, 2015 ).
A communication-driven DSS facilitates working on a shared task
by allowing sending and receiving data among a group of decision
makers. A data-driven DSS assists decision makers by providing ac- 
cess to data and sometimes manipulation options ( Sharma, Sarker,
& Romagnoli, 2011 ). Model-driven DSS handles quantitative mod- 
els for functionality and works on data manipulation and analy- 
sis using mathematical methods for optimization, simulation, etc.
( Lei & Moon, 2015; Zhang & Goddard, 2007 ). Most model-driven
DSSs are one individual user only; on the other hand, data-driven
DSSs are used by multiple users across organizations. A document- 
driven DSS concentrates on managing, and manipulation of data in
various electronic formats ( Baumeister & Striffler, 2015 ).
A collaborative knowledge base system is a communication
module composing of several elements which represents various
functions that the module should perform for the problem solv- 
ing stages. The elements are controlling function, application con- 
troller, communication manager and a user update module. This
collaborative knowledge base system illustrates a base for devel- 
opment of a cooperative DSS ( Hernández, Lyons, Zarate, & Dargam,
2014 ).
2.3. Knowledge significance 
A supply chain management can be called sustainable if it
is applied to all relevant supply chain aspects: environmen- 
tal product design, natural resource and energy efficiency, final
product guarantee, after sale service, employment ethical issues,
reusing/recycling design and reverse logistics ( Tavana et al., 2017 ).
These items are basically configured from a customer viewpoint.
All those supply chain aspects are subjects that must be consulted
and negotiated with aid of customers/stakeholders. In this man- 
ner, arguing customer values and then converting them into the
supply chain factors in this paper not even pushes forward sup- 
ply chain toward a global and sustainable appearance; it enhances
the significance of the research from a customer-based perspective.
Moreover, even though many studies emphasize the influence of
traditional supply chain criteria on the logistic provider’s process,
none of them deals with a decision support system with inclu- 
sion of customer variables, their affection on each other and on
supply chain attitudes. This is the reason we try to adopt qual- 
ity function deployment which is a structured and well-known
customer-driven product design technique whose basic task is to
translate customer ideals to technical logistic and supply chain
criteria ( Chen, Ko, & Yeh, 2017; Zaim, Sevkli, Camgöz-Akda ˘g,
Demirel, Yayla et al., 2014 ). Although some studies showed inter- 
est on involving customer values in supply chain systems, how- 
ever, in the case of integrating customer dimensions into the lo- 
gistic provider decision process and to obtain criteria importance,
there was not significant research in terms of logistic provider’s
evaluation and selection.
We believe that our research is unique and brings sufficient
contributions in area of supply chain due to the following rea- 
sons: Despite of many articles employed integrated and intelligent
tools in order to compare the performance of suppliers and logis- 
tic providers, none of them designed a platform or prototype of
a DSS for their objectives. Whilst the existing literature noticed
no particular study assigned to the modelling of a DSS for the
evaluation of logistic providers, we announce that our GRUS sys- 
tem would allow a more holistically successful direction on logis- 
tic decision making and therefore a more sustainable supply chain
can be achieved. In addition of that, none of the decision sup- 
port tools in the past studies, to best of our knowledge, reported a
customer/stakeholder-driven approach with utilization of QFD. Pre- 
vious research projects reported logistic provider’s assessment by
different perspective and far from customer satisfaction. Therefore,
these shortcomings existed in the current supply chain investiga- 
tions will be captured and resolved in this paper. We adopted a
decision support system through the integration of quality function
deployment aided by fuzzy TOPSIS. A group decision making struc- 
ture with a systematic procedure can reduce the effect of arbitrary
decisions by managing tension among decision makers and accel- 
erate the evaluation process using a rational aggregation of group
decisions and application of information technology and computer
programming. With confidence, it can be interpreted that this is
the first DSS which combines QFD and fuzzy TOPSIS in order to
evaluate logistic service providers by a real-world project.
3. Decision model application in the agriculture domain
Risk and Uncertain Conditions for Agriculture Production Sys- 
tems ( RUC-APS, 2016 ) aims to provide knowledge advancing in
agricultural based-decision making process to realize the key im- 
pacts of every stage of the agriculture-related processes. The
project title is “Enhancing and implementing Knowledge based ICT
solutions within high Risk and Uncertain Conditions for Agricul- 
ture Production Systems” . This implies the development of a high
impact research project in order to integrate real-life based agri- 
culture requirements, alternative land management scenarios, as
well as supporting innovation in the development of agriculture
production systems, operations, logistics and supply chain manage- 
ment and the impact of these systems over the end-users and cus- 
tomers.
RUC-APS stands in a European Commission project and aims to
model decision support systems to deal with a sustainable agricul- 
ture supply chain with respect to risk and uncertainty. It implies
twenty three partners coming from seven countries. The call of
project is H2020-MSCA-RISE-2015 in the economic sciences panel.
The domain of the project covers theoretical studies, investiga- 
tion as well technical achievements and several universities and
research institutes are in collaboration. The contribution of the
proposed method is to implement the proposed decision support
model on a web-based decision making and voting tool called
GRUS. This action widely facilitates decision making process and
integrates role of information technology in supply chain man- 
agement modeling. The project has defined some scientific objec- 
tives (SOs) that among them SO 5 is assigned to model and opti- 
mize innovative transport-logistics solutions of horticulture prod- 
ucts across the full value chain structure. Hence, our proposed
Fig. 1. Fuzzy linguistic terms for house of quality evaluation. 
model is being implemented in RUC-APS project to grasp high level
of efficiency in supply chain.
4. Proposed methodologies
In the proposed group decision model, several tasks are defined.
Initially, weights of the decision criteria (e.g. weights of techni- 
cal supply chain requirements) are determined using fuzzy QFD.
The second task is to generate the ranking of alternative logistic
providers using fuzzy TOPSIS. The suggested algorithm is explained
as these sub-sections:
4.1. A fuzzy quality function deployment model 
The major steps toward a QFD ( Karsak & Dursun, 2014; Yazdani,
Chatterjee, Zavadskas, & Zolfani, 2017 ) model can be represented
here:
Step 1 – Identify customer requirements (CRs) and related tech- 
nical requirements (TRs) that influence the performance of
logistic providers in supply chain ( Table 1 ). Table 1 schemat- 
ically explains the allocation of the corresponding values of
customers to the most related supply chain technical factor.
As it is observed, the first row considers CRs and the column
is referred to the TRs. This operation is carried out using lin- 
guistic variables provided by Table 2 and 3 .
Step 2 – Understanding the importance of the customer re- 
quirement by using fuzzy triangular linguistics variables and
fuzzy weighted average together with the correlation be- 
tween CRs and technical requirements. A fuzzy set is com- 
posed by a membership function that maps elements to de- 
grees of membership within interval of [0, 1]. If the value
assigned lies within the interval, the element has a cer- 
tain degree of membership (it belongs partially to the fuzzy
set). Fig. 1 exhibits the structure of triangular fuzzy numbers
that are utilized in this paper ( Tseng, Lim, Wu, Zhou, & Bui,
2017 ).
Step 3 – Computation of fuzzy QFD weights for supply chain
technical requirements. A normalization rule is used to de- 
liver normalized weights of main decision criteria for final
selection process.
The proposed approach conducts the QFD model, the House
of quality matric to convert customer and external variables
into the technical factors. The detail of QFD model can be
found in ( Germani, Mengoni, & Peruzzini, 2012; Tavana et al.,
2017 ). Fuzzy QFD ( Zaim et al., 2014 ) model in a group deci- 
sion making environment has been established to connect
customer needs to product design steps. In step 1, decision- 
makers are selected; alternatives, evaluation criteria, cus- 
tomer/stakeholders factors and their characteristics are de- 
fined. In this stage, the entire requirement for the evaluation
of a logistic provider in view of stakeholders and customers
Table 1 
A sample fuzzy QFD matric and the relevant variables. 
Table 2 
Linguistic preference and the corre- 
sponding fuzzy numbers. 
Linguistic terms Fuzzy number 
Very poor (VP) (0,0,2) 
Poor (P) (0,2,4) 
Neutral (N) (2,4,6) 
Good (G) (4,6,8) 
Excellent (E) (6,8,8) 
Table 3 
Linguistic values for weight of CRs. 
Linguistic terms Fuzzy number 
Very low (VL) (0,2,4) 
Low (L) (2,4,5) 
Medium (M) (4,6,8) 
High (H) (6,8,10) 
Very high (VH) (8,9,10) 
are determined and reviewed. It should be declared that the
technical requirements are the instrument to achieve cus- 
tomer satisfaction.
Step 4 - A survey is performed in order to realize perception
of customers and end users regarding satisfaction level and
degree of importance of customer requirement in the sec- 
ond step. Fuzzy linguistic values as shown in Table 2 are de- 
fined to assign the degree of importance of customer atti- 
tudes and technical requirements. Thereafter those linguistic
values are transferred to fuzzy triangular numbers to be us- 
able for computation steps. Using this conversion form lin- 
guistic variables to fuzzy numbers allows decision makers
to deal with ambiguity and conflicted environments of de- 
cision process. We have provided a set of five-linguistic la- 
bels to facilitate participation of decision makers. The deci- 
sion makers have the role to choose linguistic variables in
order to launch a reliable and high quality decision. The lin- 
guistic terms ( Table 2 ) ( Lee, Ru, Yeung, Choy, & Ip, 2015 )
such as “very poor”, “poor”, “neutral”, “good” and “Excel- 
lent” are utilized to present the level of satisfaction of the
customer requirement and technical supply chain criteria. It
is evident that decision makers treat alternatives and rate
them different from decision factors. Therefore, to weight
CRs, the following linguistic variables adopted from Kannan,
de Sousa Jabbour, & Jabbour, 2014 can be taken into account
( Table 3 ).
In GRUS system we have established facilitator and partici- 
pant roles (we call DM or experts in supply chain). Facilita- 
tor is the leader in each decision stage to handle the sys- 
tem and coordinate with the participants. One of the ad- 
vantages of GRUS system is that the process of voting and
presenting the opinion of DMs can be anonymous, so each
DM is asked to use this option during the decision making.
As usual, there are some conflicts and issues like when DMs
have different opinion about a subject, so this anonymity in
GRUS can cause them freely follow the evaluation process
and not to be afraid of further negative feedback, punish- 
ment or reactions.
To complete the questionnaire and run the decision making,
we have invited three experts, one from agriculture section,
another expert from supply chain and purchasing and a pro- 
fessor of operations management. They have been invited
and assigned a user and profile to go through the GRUS on- 
line web application and perform the questionnaire. When
they finish the questionnaire, automatically facilitator can
observe the aggregated opinion, calculations, and required
solutions. We have been assured that experts are completely
neutral and the process of evaluating logistic providers is
completely impartial.
Step 5 - Due to participation of group of decision makers,
an average triangular fuzzy numbers from q fuzzy num- 
bers is required. As the degree of importance of customer
requirements is being measured by sample of q individual
members based on their area of expertise. The q j mem- 
ber expresses the weights of i th customer requirement,
w ˜ ci j = ( w 
i j 
c 1 
, w 
i j 
c 2 
, w 
i j 
c 3 
) . Using these weights and also the corre- 
lation judgment between customer requirements and tech- 
nical criteria the final weights for technical factors are ob- 
tained ( Lee et al., 2015 ).
˜ w ˜ ci j =
∑ q
j=1 w ci j
q
= 
( 
∑ q 
j=1 w 
i j 
c 1 , 
∑ q 
j=1 w 
i j 
c 2 , 
∑ q 
j=1 w 
i j 
c 3 )
q
= 
(
w i c 1 , w 
i 
c 2 
, w i c 3
)
(1)
Where q is the total number of decision makers and ˜ w ˜ ci j addresses
the importance weights of the i th customer requirement. The task
of QFD team members is to present their judgments by assign- 
ing degree of correlation between CRs and TRs, ˜ ci j = ( c i j1 , c i j2 , c i j3 ) .
Moreover,
˜ ci j =
∑ q
k =1 c 
k
i j 
q
= 
( 
∑ q 
j=1 c 
k
i j1 , 
∑ q 
j=1 c 
k
i j2 , 
∑ q 
j=1 c 
k 
i j3 )
q
= 
(
c i j1 , c i j2 , c i j3
)
(2)
In this equation c ij is the strength of the contribution of j th
technical requirement on the i th CR determined by QFD group.
Triangular fuzzy values can be converted into crisp numbers (de- 
fuzzification process) using the formula below ( Cheng, 1999 ), if
˜ B = ( b 1 , b 2 , b 3 ) :
x =
( b 1 + 2 b 2 + b 3 )
4
(3)
In this stage, fuzzy weighted average is applied to compute the
technical requirement weightings for customer satisfaction ( w ˜  CS )
by the following equation:
( w ˜  CS ) =
∑ m 
i =1 ˜ w ˜ ci j ˜  ci j∑ m 
i =1 ˜ w ˜ci
(4)
4.2. Fuzzy technique for order preference by similarity to ideal 
solution 
In decision making systems there are situations that the solu- 
tion should be analyzed based on negative (worse) and positive
(best or ideal) solutions. Then the distance from the ideal solu- 
tion can realize the optimal option. TOPSIS is a user-friendly and
common decision making tool that has this advantage. As a well- 
known classical MCDA/MCDM method, it has received enormous
attention from academic and industrial communities. The global
interest in the TOPSIS method has exponentially grown. The un- 
derlying logic of TOPSIS is to measure the positive ideal solution
(PIS) and negative ideal solution (NIS) and the optimal solution
should have the shortest distance from the PIS and the farthest
from the NIS ( Tavana, Li, Mobin, Komaki, & Teymourian, 2016 ).
TOPSIS has been combined, extended and integrated to other de- 
cision tools and/or engineering concepts to support decision pro- 
cess in various applications and case studies ( Asadi, Sansoleimani,
Fatehi, & Carranza, 2016; Vinodh et al. 2016; Wang, Zhu, & Wang,
2016 ). However, due to imprecise environments of the frequent de- 
cisions, fuzzy TOPSIS model ( Kannan et al., 2014; Zavadskas, Mar- 
dani, Turskis, Jusoh, & Nor, 2016 ) requires preliminarily information
about the relative importance of the criteria by fuzzy variables. The
stepwise procedure for fuzzy TOPSIS model is followed here:
Step 1 : Identify an initial fuzzy decision table including pref- 
erence judgment of supply chain experts. Let us consider
a fuzzy decision matrix with a group of k decision makers
( D 1 , D 2 , D 3 ,…D k ) considering m alternatives ( A 1 , A 2 , A 3 ,…A m )
and n criteria ( c 1 , c 2 , c 3 ,…c n ) for a MCDM problem. Therefore,
the first fuzzy decision table is expressed as a matrix:
X =
A 1
A 1 
...
A 1
 
r 11 r 12 . . . r 1 n
r 11 r 11 . . . r 2 n 
...
...
. . .
...
r m 1 r m 1 . . . r mn
 (5)
In this equation r mn is the rating of alternative A m with re- 
spect to criteria c n which is expressed as a linguistic tri- 
angular fuzzy number. Each evaluator (decision expert) can
evaluate the alternatives considering to the criteria using the
ratings given in Table 1 . To make an aggregated matric of all
the decision makers, Assume that a decision making com- 
mittee consists of k decision makers and the fuzzy rating
of each decision maker can be represented as a positive tri- 
angular fuzzy number ˜ R k ( k = 1 , 2 , ...., K ) with a membership
function. In this way, the aggregated fuzzy rating is mea- 
sured as:
˜ R = (a, b, c) and k = 1 , 2 , ...., K where a = Min { a k } ,
b =
1
k
K ∑
k =1 
b k and c = Max { c k } (6)
Step 2 : This step performs the normalization process of the ag- 
gregated fuzzy decision matrix. The data in the aggregated
fuzzy decision matrix are normalized to unify different mea- 
surement scales. The normalized aggregated fuzzy-decision
matrix can be notified as:
˜ R = [ ˜ ri j ] m ×n
Therefore, the normalized values for benefit and cost related
criteria are calculated using the following equations:
˜ ri j =
(
a i j
c ∗
j 
,
b i j
c ∗
j 
,
c i j
c ∗
j
)
, j ∈ B
c ∗j = max c i j , j ∈ B (7)
˜ ri j =
(
a −
j 
c i j 
,
a −
j 
b i j 
,
a −
j 
a i j
)
, j ∈ C
a −
j = min a i j , j ∈ C (8)
As it has been stated TOPSIS and generally MCDM tools con- 
sider conflicting factors with different direction and opti- 
mization objectives. So, B and C are the sets of benefit and
cost criteria respectively.
Step 3 : The weighted normalized fuzzy decision matrix v ij is
calculated by multiplying the normalized matrix with the
weights of the evaluation criteria. The weighted normalized
fuzzy decision matrix V is defined as follows:
˜ V =
[
˜ vi j
]
m ×n 
where i = 1 , 2 , .., m and j = 1 , 2 , .., n (9)
By this equation weights of decision criteria are included in
decision process; while ˜ w j is the fuzzy weights of j th crite- 
ria. In this paper the final weights of technical requirements
(main criteria) have been already discussed and computed
using QFD process and formula (4) ;
˜ vi j = ˜ ri j . ˜  w j (10)
Step 4: Measure the positive and negative ideal solutions (PIS,
NIS) which are shown by: ( A ∗, A − )
˜ A ∗ = ( v ∗1 , v 
∗
2 , ...., v 
∗
n ) v 
∗
j = max
{
v i j 
}
(11)
˜ A − =
(
v 
−
1 , v 
−
2 , ...., v 
−
n
)
v 
−
j = min
{
v i j 
}
(12)
Where i = 1, 2, .., m and j = 1, 2, .., n
Step 5 : To achieve an optimal solution and make a compromise
ranking, the distances of each alternative from NIS and PIS
should be considered;
d ∗i = 
√
n ∑ 
j=1 
(
˜ vi j − ˜ v∗j
)2
i = 1 , 2 , .., m (13)
d −
i = 
√
n ∑ 
j=1 
(
˜ vi j − ˜ v−j 
)2
i = 1 , 2 , .., m (14)
Fig. 2. Decision making process for third party logistic providers’ evaluation. 
Step 6 : To produce ranking of alternatives and getting final so- 
lution the closeness coefficient of each alternatives must be
calculated:
C C i =
d −
i 
d −
i 
+ d∗
i
, i = 1 , 2 , .., m (15)
The ranking order of all alternatives is determined according to
the descending order of CC i . The alternative A i will be the best only
if its CC i indicates higher value.
5. Proposed decision framework and case study explanation
A decision making model for current study is pictured in
Fig. 2 . The fuzzy QFD-TOPSIS phase of the proposed method pro- 
vides a window to implement costumer driven weighting proce- 
dure for decision criteria. This function permits the satisfaction of
external stakeholders and customers to the decision process. We
have considered three decision makers to deliver us their judg- 
ments over the above logistic providers with respect to the rel- 
evant factors to compose a decision system. Proposed model in
Fig. 2 is composed of the following phases:
Phase 1 - In this phase, the essential CRs and the correspond- 
ing technical criteria for assessment of the third party lo- 
gistic providers is interpreted and introduced. Moreover, the
alternatives of the decision problem (logistic providers) shall
be recognized. The alternatives are real logistics and trans- 
portation companies which are active in France and whole
Europe. The decision making team, experts and users that
must participate in this project are introduced and called.
Phase 2 – Group of experts (DMs) express their preference us- 
ing the fuzzy linguistic variables provided in Table 2 and
3 by house of quality matrix and to rate performance of
alternatives based on a questionnaire. The house of quality
matrix is composed and three decision makers present the
judgments to determine importance of customers’ require- 
ment utilizing fuzzy values. They are asked to consider re- 
lationship and effect customer attitudes on technical criteria
of logistic providers in order to realize the core relation and
its degree by means of fuzzy tools.
In general there are three types of the weighting process in
MCDM; subjective, objective and hybrid approach. Objective
weighting like Entropy determine weights by making use of
mathematical models or statistical methods. Subjective ap- 
proaches like AHP or SMART methods rely entirely on the
subjective judgments or intuition of DMs. Then it will be
required to apply some mathematic methods such as the
eigenvector method to calculate overall evaluation of each
decision maker. In many MCDM conditions where there are
no obvious DMs, subjective approaches are not applicable
because no subjective judgments can be demonstrated on
the relative importance of attributes. Hybrid approach takes
the advantages of both subjective and objective approaches
( Wang & Lee, 2009; Yang, Yang, Xu, & Khoveyni, 2017 ).
In the proposed model we have used fuzzy linguistic vari- 
ables to recognize whether CR and TR are in connection and
then how much. The significant point in our proposal about
subjective weights is that we used QFD method to calculate
the overall weight for TRs. Indeed the weight of each CR is
subjective that are translated to TRs. However, the weights
for TR (which are called decision criteria for MCDM process
in this paper) are recalculated and so, it can be said that
we have acted based on a hybrid approach. In practice, we
integrated a new layer in evaluation of criteria weights by
using customer requirements. This enhances the quality of
the weighing procedure and whole decision process.
Based on formulas (1) and (2) , the aggregated matric of
fuzzy QFD and fuzzy customer weights (Using Table 3 ) are
obtained. Thereafter the normalized weights of technical
criteria (such as input for main decision matric) can be
achieved through formula 4.
The fuzzy TOPSIS methodology proposed in Section 2.2 is
carried out to rank LPs. The criteria weights in previous
phase and rating performance of decision makers on alterna- 
tives are integrated to the F-TOPSIS procedure. The informa- 
tion and linguistic fuzzy values are accessed through ques- 
tionnaire derived from group of DMs. The aggregated fuzzy
rating is generated using eq. 6 . The normalized decision ta- 
ble for cost or benefit criteria are formed ( Eqs. 7 and 8 ).
Computation of the weighted normalized fuzzy decision ma- 
trix is the next task at this stage aided by eq. 10 . At this
stage fuzzy PIS and fuzzy NIS according eqs. (11) and ( 12 )
must be verified. Thereafter, PIS and NIS ( eqs. 13 and 14 ) are
measured and finally CC is attained as formula 15 indicates.
A sensitivity analysis is performed to indicate the different
ranking and flexibility of the proposed model by weights re- 
placement.
Phase 3 – Working on a programming platform and database
to structure a decision making support system. To develop a
model driven DSS, this section provides the implementation
of the proposed methodology in a group decision making
support system. The system is called GRUS and acts as an
electronic meeting system which provides a set of tools and
meetings processes. Each meeting process which is designed
or modified by a user of GRUS, automatically and anony- 
mously can be shared by the other users. With GRUS, one
can organize public and private meetings. Anyone can par- 
ticipate to all of the public meetings, but only invited partic- 
ipants can participate to private meetings. Meetings are cre- 
ated by a facilitator who is able to invite persons in her/his
private meetings. Facilitators are responsible for managing
meetings but also may participate as everyone. The content
of private meetings is only accessible to their participants.
Conversely, public meetings content is accessible to every- 
one. This system has been invented and configured by IRIT
laboratory at University of Toulouse Capitole 1 (Toulouse,
France).
Designing, manufacturing and delivering the right product to
the right location at the right time at the right price is the
lifeblood of companies. The economic environment is changing,
borders are opening up, and international competition is intensi- 
fying. The life cycle of products is reduced; the pressure on de- 
lays is becoming stronger. The continuous improvement of logisti- 
cal organization is today an essential element of business strategy.
Agility and flexibility via clients and adaptability in the face of so- 
cial and environmental economic constraints are the leverage to
achieve sustainable progress.
Questions like how to manage our information flows? Where
to place our warehouses? Which transport and logistics system
should be implemented? A controlled and agile supply chain be- 
comes paramount not only due to collaboration among all the
company departments (marketing, production, logistics, procure- 
ment etc.) but also to extend the collaboration beyond its borders
(suppliers, subcontractors, logistic providers, etc.).
In the RUC-APS project the importance of logistic process is
very particularly considerable in order to support companies. In
this way the French association of supply chain and logistics
(ASLOG) since 1972 has been established and activated. It has en- 
couraged companies to involve logistics and supply chain direc- 
tions in the top level of the management decisions. Multi activ- 
ity with over 40 0 companies, nearly 150 0 people network, ASLOG
is now the leading French network of professionals in the supply
chain area. Its objectives are to provide forward-looking visions,
to generate standards and qualifications, to measure and evalu- 
ate logistics performance, and ultimately to produce research dis- 
semination in partnership with the academic sector and bench- 
mark best practices ( www.aslog.org ). For this research, five logis- 
tic based companies are selected to be assessed by the proposed
fuzzy model; Mathez, BANSARD, GEFCO, SCHNEIDER transport, and
GETMA.
Mathez group is a family run company specializing in logis- 
tics coordination and international transportation (air, sea and road
freight). Main activities of this group can be extended from trans- 
port management by airfreight, sea freight, road haulage, storage,
packing, Supply and distribution management and optimization,
port agent, management of cargo and cruise ships. Bansard Inter- 
national offers a complete service for sea, air and road transporta- 
tion through partnerships with major airlines to cover the needs
of our customers. Thus, major ports and airports are served by
Bansard International. In addition, this company provides a door to
door service and assistance to facilitate customs operations. They
offer kind of service like; air transport, sea transport, road trans- 
port, logistics, and industrial projects. A leading name in industrial
and automotive logistics, GEFCO provides complete, efficient logis- 
tics solutions for its industrial customers throughout the world.
The group combines standards of quality and performance with
the responsible management of its logistics activities. GEFCO incor- 
porates and complies with all the elements of sustainable develop- 
ment. The group is able to respond to all supply chain optimiza- 
tion requirements, upstream or downstream from production sites:
land transport, logistics, container management, vehicle distribu- 
tion, and management of maritime and air flows. SCHNEIDER is
a medium-sized international freight forwarding company provid- 
ing specialized services in clearly defined markets. The Schneider
Group combines high service quality with flexibility and commit- 
ment to delivery dates. The company plans and coordinates trans- 
portation of all kind of goods between Switzerland, Europe, the
Far East and the USA. This group delivers sort of activates from
road transport, sea and air transport and inventory and procure- 
ment management, Reverse logistics, food logistic etc. Getma op- 
erates cargo handling in African ports, central Africa and coastal
line. Through its network, Getma offers a range of services tailored
Table 4 
Correlation matric for house of quality process made by DM 1 .
WHATs (preference of customer/stakeholder) HOWs (Technical requirement) DM 1 Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
Confidence in safe & durable product (CR 1 ) G N P H 
Emission of pollution & hazardous materials (CR 2 ) G N G M 
Social responsibility (CR 3 ) N E H 
Availability and access (CR 4 ) N N L 
Recycling (CR 5 ) N G N H 
Commit to health of employee (CR 6 ) G M 
Affordable price (CR 7 ) G H 
Table 5 
Correlation matric for house of quality process made by DM 2 .
WHATs HOWs (Technical requirement) DM 2 Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
CR 1 G N N P L 
CR 2 N G N H 
CR 3 N G VH 
CR 4 N G P H 
CR 5 G N N M 
CR 6 N G M 
CR 7 G E H 
to your business needs: port management, port handling, shipping
agency, freight forwarding, and inland logistics.
6. Results, sensitivity analysis and validation
6.1. Results 
This paper focuses on application of decision support model in
supply chain that aims to show how it may choose a third party
logistics provider as a partner from the pool of possible providers.
The five proposed phases are demonstrated step by step here:
Phase 1 - The aim of the model is to involve customer and
stakeholders’ preferences into the decision process in order
to provide a global and comprehensive structure. The pro- 
posed DSS elements include three decision makers (DM 1 ,
DM 2 and DM 3 ), the seven customer requirements (CRs), the
seven technical factors (decision criteria) which satisfy CRs,
and also the 5 alternatives logistic provides (LPs). The de- 
cision alternatives include: LP 1 (Mathez), LP 2 (GETMA), LP 3
(GEFCO), LP 4 (SCHNEIDER), and LP 5 (BANSARD) . The cus- 
tomer factors are: confidence in safe and durable product
(CR 1 ), Emission of pollution & hazardous materials (CR 2 ), So- 
cial responsibility (CR 3 ), Availability and access (CR 4 ), Re- 
cycling process (CR 5 ), Commitment to health of employee
(CR 6 ) and offering affordable price (CR 7 ). In other side,
financial stability (TR 1 ), quality (TR 2 ), delivery condition
(TR 3 ), services (TR 4 ), flexibility of the system (TR 5 ), environ- 
mental management system (TR 6 ) and corporate social re- 
sponsibility (CSR) (TR 7 ) are listed as technical requirements
for logistic provider evaluation.
Phase 2 - As defined in five phase’s process, primarily group of
decision makers presents their judgments about correlation
between customer factors and decision criteria. That infor- 
mation made by decision makers are seen in Tables 4 –6 . To
do the computation users are in front of operating system
and they can fill anonymously questionnaires as well. Also
they are asked to assign weights of each CR by linguistic
variables which are in last column of Tables 4–6 .
Phase 3 - Then linguistic forms are converted to fuzzy trian- 
gular values and aggregated QFD table is provided refer- 
ring formulas 1–4. Linguistic terms in Table 6 are converted
Table 6 
Correlation matric for house of quality process made by DM 3 .
WHATs HOWs (Technical requirement) DM 3 Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
CR 1 N G N H 
CR 2 G N G H 
CR 3 P N M 
CR 4 G G M 
CR 5 N P G L 
CR 6 G E M 
CR 7 P N N G H 
to numerical fuzzy values and then the correlated compu- 
tations are carried out. The fuzzy triangular values can be
diffuzzfied using formula 3. For instance decision maker 1
gives importance of availability and access (CR 4 ) as L. The
value of L is achieved as this; 2 + 2(4)+5 4 = 3 . 75 . The final
relative, normalized and aggregated weights of technical re- 
quirements are obtained as seen in Table 7 . According to
this table corporate social responsibility (the bolded value)
has received more attention based on DMs approach. Those
weights can be counted as inputs for TOPSIS process.
Phase 4 – To rate alternatives, again decision makers are asked
to fill the questionnaire or by operating system on-line
forms. DMs must provide judgments based on experience
and should rate alternatives with respect to each criterion
using fuzzy linguistic values. The whole information is gath- 
ered and can be found in Table 8 . For instance, DM 2 con- 
sidered “Normal” and “Good” values for quality and deliv- 
ery criteria in assessing LP 3 . The aggregated fuzzy matrix is
obtained with help of formula 6 which can be checked in
Table 9 .
Phase 5 - Thereafter normalized fuzzy matric is generated using
Eqs. 7 and 8 . Table 10 shows the normalized fuzzy matric.
To compute weighted normalized decision matrix a defuzzi- 
fication muse be done by Eq. 3 , then using formula 10 a de- 
fuzzified weighted matric is attainable as Table 11 presents.
In this table, NIS, PIS are extracted and appeared. These two
measures NIS and PIS are computed using formulas 11 and
12. Then distances from PIS and NIS must be derived (based
on Eqs. 13 and 14 ) which are shown in Table 12 and Table
13 , in order. As it is observed the distances from PIS are too
small which shows almost all of them can be feasible. How- 
ever, TOPSIS anatomy releases the best choice. TOPSIS close- 
ness coefficient values and ranking of logistic providers are
produced by formula 15 which is tabulated in Table 14 . Ac- 
cording to this information BANSARD logistic company is the
best service provider with CC i = 0.917 while the weakest lo- 
gistic provider is GETMA ( CC i = 0.172) as LP 2 . In total the fi- 
nal priority of logistic providers based on combined fuzzy
QFD-TOPSIS are:
BANSARD > SCHNEIDER > Mathez > GEFCO > GETMA
Table 7 
The aggregated weights calculation by QFD. 
CRs ( DM 1 ) TRs Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
CR 1 6 4 2 8 
CR 2 6 4 6 6 
CR 3 4 7.5 8 
CR 4 4 4 3.75 
CR 5 4 6 4 8 
CR 6 6 6 
CR 7 6 8 
CRs ( DM 2 ) TRs Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
CR 1 6 4 4 2 3.75 
CR 2 4 6 4 8 
CR 3 4 6 9 
CR 4 4 6 2 8 
CR 5 6 4 4 6 
CR 6 4 6 6 
CR 7 6 7.5 8 
CRs ( DM 3 ) TRs Weight of CRs 
TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
CR 1 4 6 4 8 
CR 2 6 4 6 8 
CR 3 2 4 6 
CR 4 6 6 6 
CR 5 4 2 6 3.75 
CR 6 6 7.5 6 
CR 7 2 4 4 6 8 
Relative weights 203 234.5 117.5 343 70.5 242.5 511 1722 
Normalized & 
aggregated weights 
0.1179 0.1362 0.0682 0.1992 0.0409 0.1408 0.2967 
Table 8 
Linguistic fuzzy preferences of decision makers for logistic providers. 
Alternatives Decision makers Financial stability (TR 1 ) Quality (TR 2 ) Delivery (TR 3 ) Services (TR 4 ) Flexibility (TR 5 ) EMS (TR 6 ) CSR (TR 7 )
LP 1 DM 1 N N G G P N G 
DM 2 E G N N N N G 
DM 3 P N N N G G N 
LP 2 DM 1 N G G N N N P 
DM 2 N G G G G N G 
DM 3 N VP P G G G N 
LP 3 DM 1 G G N N N E G 
DM 2 N N G N G P N 
DM 3 G N N VP G G N 
LP 4 DM 1 G N N G N N N 
DM 2 G G G N P N N 
DM 3 N N G G N N E 
LP 5 DM 1 G G P P N G G 
DM 2 N N G N G G G 
DM 3 N N E N N G G 
Table 9 
Aggregated fuzzy decision matrix. 
Alternatives TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
LP 1 (0,4.7,8) (2,4.7,8) (2,4.7,8) (2,4.7,8) (0,4,8) (2,4.7,8) (2,5.4,8) 
LP 2 (2,4,6) (0,4,8) (4,4.7,8) (2,5.4,8) (2,5.4,8) (2,4.7,8) (0,4,8) 
LP 3 (2,5.4,8) (2,4.7,8) (2,4.7,8) (0,2.7,6) (2,5.4,8) (0,5.4,8) (2,4.7,8) 
LP 4 (2,5.4,8) (2,4.7,8) (2,5.4,8) (2,5.4,8) (0,3.4,6) (2,4,6) (2,5.4,8) 
LP 5 (2,4.7,8) (2,4.7,8) (0,5.4,8) (0,3.4,6) (2,4.7,8) (4,6,8) (4,6,8) 
Table 10 
Normalized fuzzy matrix. 
Alt. TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
LP 1 (0,0.588,1) (0.25,0.588,1) (0.25,0.588,1) (0.25,0.588,1) (0,0.5,1) (0.25,0.588,1) (0.25,0.675,1) 
LP 2 (0.25,0.5,1) (0,0.5,1) (0.5,0.588,1) (0.25,0.675,1) (0.25,0.675,1) (0.25,0.588,1) (0,0.5,1) 
LP 3 (0.25,0.675,1) (0.25,0.588,1) (0.25,0.588,1) (0,0.45,1) (0.25,0.675,1) (0,0.675,1) (0.25,0.588,1) 
LP 4 (0.25,0.675,1) (0.25,0.588,1) (0.25,0.675,1) (0.25,0.675,1) (0,0.57,1) (0.34,0.67,1) (0.25,0.675,1) 
LP 5 (0.25,0.588,1) (0.25,0.588,1) (0,0.675,1) (0,0.57,1) (0.25,0.588,1) (0.5,0.75,1) (0.5,0.75,1) 
Table 11 
Weighted normalized matric for TOPSIS. 
Alternatives TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
LP 1 0.06413 0.08259 0.04138 0.12081 0.02047 0.08541 0.19289 
LP 2 0.06631 0.06809 0.04572 0.12947 0.02661 0.08541 0.14837 
LP 3 0.07663 0.08259 0.04138 0.09461 0.02661 0.08309 0.17998 
LP 4 0.07663 0.08259 0.04435 0.12947 0.0219 0.09435 0.19289 
LP 5 0.0715 0.08259 0.04026 0.10657 0.02483 0.10562 0.22256 
PIS (V + ) 0.0766 0.0826 0.0457 0.1295 0.0266 0.1056 0.2226 
NIS (V −) 0.0641 0.0681 0.0403 0.0946 0.0205 0.0831 0.1484 
Table 12 
Distance from PIS. 
Alternatives TR 1 TR 2 TR 3 TR 4 TR 5 TR 6 TR 7
LP 1 0.0 0 0156 0 0.0 0 0 0188 0.0 0 0 0751 0.0 0 0 0377 0.0 0 04084 0.0 0 08806 
LP 2 0.0 0 0106 0.0 0 02103 0 0 0 0.0 0 04084 0.0055037 
LP 3 0 0 0.0 0 0 0188 0.0012151 0 0.0 0 05077 0.0018133 
LP 4 0 0 0.0 0 0 0 019 0 0.0 0 0 0222 0.0 0 01269 0.0 0 08806 
LP 5 0.0 0 0 026 0 0.0 0 0 0298 0.0 0 05247 0.0 0 0 0 032 0 0 
Table 13 
Distances from NIS. 
Alternatives TR1 TR2 TR3 TR4 TR5 TR6 TR7 
LP1 0 0.0 0 0210 0.0 0 0 0 01 0.0 0 0686 0 0.0 0 0 0 05 0.001981 
LP2 0.0 0 0 0 05 0 0.0 0 0 030 0.001215 0.0 0 0 038 0.0 0 0 0 05 0 
LP3 0.0 0 0156 0.0 0 0210 0.0 0 0 0 01 0 0.0 0 0 038 0 0.0 0 0999 
LP4 0.0 0 0156 0.0 0 0210 0.0 0 0 017 0.001215 0.0 0 0 0 02 0.0 0 0127 0.001981 
LP5 0.0 0 0 054 0.0 0 0210 0 0.0 0 0143 0.0 0 0 019 0.0 0 0508 0.005504 
Table 14 
Final solution of TOPSIS. 
Alternatives CC i Ranking 
LP 1 0.647 3 
LP 2 0.172 5 
LP 3 0.284 4 
LP 4 0.783 2 
LP 5 0.917 1 
6.2. Sensitivity analysis 
Sensitivity analysis is a technique to observe the affection of
change from some parameters of the model on other elements.
This action generally is completed by replacing the weight of each
criterion; the resulting changes of the priorities and the final rank- 
ing of the alternatives are pictured. The strategy to operate sen- 
sitivity analysis in this paper is to change randomly position of
criteria weights. Therefore, ten different set of tests are arranged
to produce different ranking for TOPSIS. The tests are shown in
Table 15 .
Table 16 depicts the changes in final ranking of logistic
providers when criteria weights are altered. However, those
changes are slightly similar and as seen the same rankings are ob- 
tained in Test 1, 8 and 10. The results declare that ranking of sensi- 
tivity analysis are in good agreement based on closeness. So, man- 
agers can infer that BANSARD and SCHNEIDER are the most confi- 
dent logistic service providers. In addition in 6 tests (test 1,2,4,7,8
and 10) the ranking score of 1st and second logistics providers re- 
main the same. This claims final ranking is not affected by those
weight replacements and the stability of the model is approved.
Fig. 3 illustrates the ranking changes. The notable point is that
GETMA (LP 2 ) (the worst option) has the most stable ranking and
keeps its ranking position.
Fig. 3. Sensitivity analysis illustration. 
6.3. Validation of the results 
During the design of the survey and questionnaire, we have
asked all the experts to value the items below in their preference
comparison. This lead to model a robust logistic provider assess- 
ment plan;
- Feasibility and applicability; does the logistic providers ap- 
proach evaluate the most relevant logistic companies which are
feasible and practical for a long-term relationship?
- Preference based evaluation; does the LP assessment approach
select them based on incorporation of all the preferences sup- 
plied by the DM?
- Competency; does the proposed approach select LPs competi- 
tively superior to others?
- Sustainability; does the LP selection approach offer a selection
mechanism which are sustainable and efficient to the environ- 
mental?
Table 15 
Tests for sensitivity analysis. 
W 1 W 2 W 3 W 4 W 5 W 6 W 7
Test 1 0.1362 0.1179 0.1992 0.0682 0.0409 0.2967 0.1406 
Test 2 0.1992 0.0682 0.0409 0.1179 0.1362 0.2967 0.1406 
Test 3 0.2967 0.1406 0.0409 0.1992 0.0682 0.1362 0.1179 
Test 4 0.2967 0.1406 0.0682 0.1179 0.0409 0.1992 0.1362 
Test 5 0.0682 0.2967 0.1179 0.1992 0.0409 0.1406 0.1362 
Test 6 0.0682 0.2967 0.1992 0.1406 0.0409 0.1179 0.1362 
Test 7 0.0682 0.2967 0.1362 0.0409 0.1406 0.1992 0.1179 
Test 8 0.0682 0.2967 0.0409 0.1362 0.1179 0.1406 0.1992 
Test 9 0.1406 0.1992 0.2967 0.0682 0.0409 0.1179 0.1362 
Test 10 0.1406 0.1992 0.0409 0.1179 0.1362 0.0682 0.2967 
Table 16 
Sensitivity analysis ranking outcomes. 
Alternatives Ranking 
Test 1 Test 2 Test 3 Test 4 Test 5 Test 6 Test 7 Test 8 Test 9 Test 10 
LP 1 3 4 4 4 3 3 4 3 3 3 
LP 2 5 5 5 5 5 5 5 5 5 5 
LP 3 4 3 3 3 4 4 3 4 4 4 
LP 4 2 2 1 2 1 1 2 2 1 2 
LP 5 1 1 2 1 2 2 1 1 2 1 
Fig. 4. QFD implementation for DM 1 in GRUS system.
Apart of that, we have formulated an integrated logistic
provider selection model with the application of QFD and TOPSIS.
Initially, it has been started to provide a case example and solve
the multi criteria decision problem by Excel software. Although we
can rely on the model and its efficiency, however the validity of the
methodology must be studied and clarified. Thus, for some main
reasons we develop a decision support system and implement the
QFD-TOPSIS algorithm which is vital;
1- The proposed DSS gives accuracy and stability to the study.
Because all the calculations are monitored by a machine and
mathematical algorithm
2- For larger scale decision problem and high volume of computa- 
tions, the DSS acts faster and in second all the results are ex- 
tracted.
3- For decision makers and experts always is more convenient to
work on a computer system and offer their opinion or judg- 
ment rather than filing printed questionnaire which sometimes
will cause errors and mistakes. They are able to check all the
process of decision making (brainstorming, arguments and dis- 
cussion). It is much more economic to use a DSS rather than
paper questionnaire in terms of printing ethics as well.
To ensure that the model is usable and applicable for the RUC- 
APS project, a real-world case study of selecting logistic provider
(five companies in France) for transportation of agriculture prod- 
ucts to the storage or distribution centers is regulated with a gen- 
uine decision support system ( Section 7 ). We pushed our effort s
to handle uncertainty existed in evaluation process and to face a
complex and influential customer/stakeholder group.
In the previous section, a set of sensitivity analysis test, which
has been done with changing different criteria weight position and
weight combination, denotes that the decision makers can trust on
the proposed QFD-TOPSIS approach due to stable ranking results
for 3PL providers. This is another way to verify and validate our
proposed algorithm.
Fig. 5. Final weights obtained by the QFD and graphical chart. 
Fig. 6. Alternative performance on each TR made by DM 1 .
7. Group DSS implementation
To implement the proposed model, we divide it by the two
sections. Initially the QFD process is established and the weights
of technical requirements are computed. In the second part fuzzy
TOPSIS methodology will be implemented to reach the ranking of
logistic providers. Each user (decision maker) can register to the
system, make a profile, sign in and present the preferences based
on fuzzy linguistic variables. For instance, we have shown that the
first evaluation matrix ( Table 4 ) which is given by decision maker
(DM 1 ). Fig. 4 reflects the picture of GRUS system. The software
must be connected to the internet and at the same time each user
can submit the preferences as well. In this software, there are op- 
tions for presenting preference of the decision makers assigned to
both TOPSIS and QFD tools. When a user submits his/her opinion,
the calculation and aggregation is carried out automatically based
on the written algorithm. The final aggregated weights from the
three DMs are generated in Fig. 5 . A pie chart also visualizes the
importance of technical requirements as well. It is observed that
CSR is the most effective item followed by services by the 0.199 of
significance.
In this step like QFD process again each decision maker is re- 
quested to submit his/her judgment anonymously using the system
input. In Fig. 6 , the performance of logistic providers is evaluated
Fig. 7. Normalized fuzzy decision matrix. 
Fig. 8. Weighted normalized matrix. 
with respect to each technical requirement by DM 1 . Each decision
maker starts to give the preference by a fuzzy linguistic table. By
clicking submit button all the process of the TOPSIS is completed
and step by step it is possible to check details of computations.
For example the normalized and aggregated fuzzy decision ma- 
trix can be shown as Fig. 7 indicates. In this matrix is equal to the
computations of Table 10 in previous sections. Through each stage
the system has the capability to be tested and verified and it is
part of the strength of the software. The weighted normalized de- 
cision matrix in the next step must be determined. All the matrix
elements thereafter are defuzzified and the outcome is captured as
shown by Fig. 8 . To prevent of producing several table and figures,
we have withdrawn to bring all those computations. In order to get
the final results of the TOPSIS, closeness coefficient must be iden- 
tified. In final the priority of each logistic provider is detected as
Fig. 9 claims. The system allows us to generate a graphical picture
of the performance of each alternative such in Fig. 10 . It is evident
that LP 5 (Bansard company) is the only option who is eligible to
be selected by the supply chain experts.
8. Conclusion and suggestion for future project directions
This paper resolves the issue of evaluating and ranking logistics
providers by utilizing an integrated decision making formulation.
It evaluates and elucidates the interaction relationships and impact
levels between the customer attitudes and logistics providers’ cri- 
teria. A fuzzy approach is designed to eliminate uncertainty among
factors and decision variables. QFD facilitates building up the un- 
Fig. 9. TOPSIS ranking for logistic providers. 
derlying relationship among customer and technical requirements.
The findings of this paper put forward very significant insights on
different attributes which considerably contribute to LPs perfor- 
mance and in this case the efficiency of inefficient providers can
be improved. Through design of a decision support model, a lo- 
gistic provider problem has been defined, required factors under
viewpoint of experts and customer identified, and finally, a solu- 
tion has been generated using fuzzy MCDM. It must be pointed
out that house of quality matric allows the project users and de- 
signers to capture customer preferences, and convert them sim- 
ply to multi criteria process. The outputs of QFD are incorporated
into the MCDM as weights of the main decision criteria. Sensitiv- 
ity analysis strategies confirm that the applied model is stable and
cannot be affected by the changes in criteria weights. Hence, it is
approved that the BANSARD Company can be counted as optimal
logistic provider.
Based on the results, it is recommended to focus on flexibil- 
ity and delivery factors because they have been rated by decision
makers with lower importance. So, those factors need some im- 
provement and corrective actions. It is figured out the best alter- 
native (BANSARD) has earned very good rating on CSR (as most
important criterion) and so it can be key driving force to the de- 
velopments of infrastructure of the service provider. It is also the
responsibility of the management to strongly control main drivers
of the supply chain and logistics to improve manufacturing and lo- 
gistics processes and production planning activities as well.
We believe that the proposed decision making formula is ac- 
ceptable and robust and can be easily executed practically for
group multi-criteria decision-making problems. The top ranked lo- 
gistic provider scores can be outlined for the rest to comprehend
their weaknesses and fulfill logical pattern for future plans. We
have tried to develop a basis for generous relation of logistic com- 
panies to reduce their weaknesses. So, managers can rely on this
structure effectively to reach global objectives. Through the re- 
leased model, groups of experts can participate to the core of the
decision making process focusing on customer and external pa- 
rameters to deliver effective performance among logistics partners.
Evaluation of the LP performance indirectly improves performance
and behavior of LPs regarding weak attribute and also allocate
more credit to the stronger providers to appreciate all practices to
the next level.
The proposed model has objected at bridging two existing gaps
in the literature on LPs evaluation; the lack of a systematic ap- 
proach to analyze specific decision elements and the consideration
of customer satisfaction factors in fuzzy environment. Although the
proposed framework is not hard to be implemented in logistics
problem by any other users whose features are similar to those
delineated for the company of the case study, it requires serious
efforts on the side of the managers. For example, the wrong choice
of experts by the manager as well as the inaccurate analysis of just
one expert may cause the selection of less than efficient alterna- 
tives, imposing an opportunity cost on the company in terms of
efficiency losses and foregone profits.
The implementation of a group fuzzy MCDM approach in a sup- 
ply and logistics management is the achievement of the RUC-APS
project. In the decision support system (GRUS), we developed and
implemented an integrated MCDM formula to help supply chain
and agricultural partners in facilitation of their judgments and
grasp a practical framework. The article supplied an effort to dis- 
cuss about selection of suppliers under supervision and satisfac- 
tion of customers. Basically we obtain a new trend in supporting
group decision making technologies in the supply chain with the
utilization of information technology. We have argued the interac- 
tion and linkage between decision makers and computer applica- 
tions by an integrated multi criteria decision making framework.
Fig. 10. Graphical presentation of alternative ranking. 
In this sense, we deem that the utilization of computers and pro- 
gramming to structure a decision support model pushes managers
and executives of the RUC-APS to come closer and participate in a
common perspective. The paper attempts to establish a foundation
for further works and it highly appreciates newer works and/or
extension.
The decision support system we designed and introduced is
based on Grails web application framework and supports an open
source framework. We have proposed a fuzzy multi criteria deci- 
sion making system including QFD and TOPSIS, to weight decision
factors and to rank LPs, respectively. The proposed DSS has some
advantages: first of all it gives a comfortable and reliable interface
with the decision making system through a computer facility. Sec- 
ondly, sometimes it is hard to gather participants (users or deci- 
sion makers) and ask them to fill questionnaire about a problem.
By using GRUS, a user can be everywhere and by an online sys- 
tem the meeting is made and the results automatically are regis- 
tered and saved in the DSS environment. Thirdly, by such DSS the
time of decision making decreases and a decision making facilita- 
tor does not put too much time to handle decision process. Forth,
this system with the same formulas and programming can be op- 
erated for other decision making or voting situation like selecting
a fertilizer with different variables for the agricultural production
system. Five, the system can be extended and generalized accord- 
ing to the requirement of the decision problem by some modifi- 
cation on the programming, parameters and etc. Accordingly, the
developed DSS not even is applicable for supply chain and logis- 
tic objectives, it is possible to implement other integrated decision
making tools or programming in it with specific adjustment based
on the defined decision problem.
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